We have derived a versatile gene-based test for genome-wide association studies (GWAS). Our approach, called VEGAS (versatile genebased association study), is applicable to all GWAS designs, including family-based GWAS, meta-analyses of GWAS on the basis of summary data, and DNA-pooling-based GWAS, where existing approaches based on permutation are not possible, as well as singleton data, where they are. The test incorporates information from a full set of markers (or a defined subset) within a gene and accounts for linkage disequilibrium between markers by using simulations from the multivariate normal distribution. We show that for an association study using singletons, our approach produces results equivalent to those obtained via permutation in a fraction of the computation time. We demonstrate proof-of-principle by using the gene-based test to replicate several genes known to be associated on the basis of results from a family-based GWAS for height in 11,536 individuals and a DNA-pooling-based GWAS for melanoma in~1300 cases and controls. Our method has the potential to identify novel associated genes; provide a basis for selecting SNPs for replication; and be directly used in network (pathway) approaches that require per-gene association test statistics. We have implemented the approach in both an easy-to-use web interface, which only requires the uploading of markers with their association p-values, and a separate downloadable application.
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Gene-based tests for association are increasingly being seen as a useful complement to genome-wide association studies (GWAS). 1 A gene-based approach considers association between a trait and all markers (usually SNPs) within a gene rather than each marker individually. Depending on the underlying genetic architecture, gene-based approaches can be more powerful than traditional individual-SNP-based GWAS. For example, if a gene contains more than one causative variant, then several SNPs within that gene might show marginal levels of significance that are often indistinguishable from random noise in the initial GWAS results. By combining the effects of all SNPs in a gene into a test-statistic and correcting for linkage disequilibrium (LD), the gene-based test might be able to detect these effects. Gene-based tests are also ideally suited for network (or pathway) approaches to interpreting the findings from GWAS. [2] [3] [4] [5] [6] [7] These approaches are necessarily gene centric and require a measure of the relative importance of each gene to the phenotype of interest. The gene-based approach also reduces the multiple-testing problem of GWAS by only considering statistical tests for 20,000 genes per genome as opposed to testing more than half a million SNPs in a typical GWAS.
Ideally, a gene-based test statistic can be obtained with permutations, where LD structure and other possible confounding factors, such as gene size, will be accounted for. Computing a gene-based test for basic GWAS designs via permutations is conceptually simple and is currently implemented as the ''set-based test'' in the PLINK software package 8 ; however, heavy computational requirements have restricted this method from being adopted on a genome-wide scale. Other gene-based tests, such as those based on genetic distances 9 or entropy, 10 are often also restricted to situations where individual genotype information is available or to specific GWAS designs (usually case-control designs). There are several important situations in which permutations or existing methods cannot be used; these include family-based GWAS, GWAS metaanalyses based on summary data, and DNA-pooling-based GWAS. In contrast, our approach, called VEGAS (versatile gene-based association study), only requires individual marker p values in order to allow computation of a genebased p value, and it can be applied to virtually any association study design. The method tests the evidence for association on a per-gene basis by summarizing either the full set of markers (typically SNPs) in the gene or a subset of the most significant markers (for example, the 10% most significant SNPs). For some genes, an approach considering all the markers might be the most powerful; for others, focusing on just the most associated markers might be apt. The gene-based test statistic is then the sum of all (or a pre-defined subset) of the chi-squared 1 df statistics within that gene. If the SNPs are in perfect linkage equilibrium, the test statistic will have a chi-squared distribution with n degrees of freedom under the null hypothesis. Because this is unlikely to be the case, however, the true null distribution given the LD structure (and hence p values that correlate accordingly) will need to be taken into account. Ideally, one would achieve this by performing a large number of permutations; however, this is very computationally intensive, requires individual genotype information, and assumes that individuals are unrelated. Instead, our Monte Carlo approach makes use of simulations from the multivariate normal distribution and is both much faster and agnostic regarding the GWAS design.
For a gene with n SNPs, we simulate an n-element multivariate normally distributed vector with mean 0 and variance S, the n 3 n matrix of pairwise LD (r) values. A vector of n independent, standard, normally distributed random variables is first generated and then multiplied by the Cholesky decomposition matrix of S -that is, the n 3 n lower triangular matrix C, such that CC T ¼ S. The new random vector, Z ¼ ðz 1 ,z 2 .z n Þ, will have a multivariate normal distribution, Z $ N n ð0, P Þ. Z is then transformed into a vector of correlated chi-squared 1 df variables,
The simulated gene-based test statistic is then the sum of all (or a predefined subset) of the elements of Q and will have the same approximate distribution as our observed gene-based test statistic under the null hypothesis. A large number of multivariate normal vectors are simulated, and the empirical genebased p value is the proportion of simulated test statistics that exceed the observed gene-based test statistic.
We have implemented VEGAS in both an easy-to-use web-interface or as a downloadable application for Linux and Unix. The only user inputs required are a text file consisting of two columns: SNP rs-name and association p value, along with specification of the reference population (CEU, CHB and JPT, or YRI). The downloadable version also allows the use of custom individual genotypes if available, as well as specification of gene boundaries. Pairwise LD correlation matrices are calculated in PLINK. The R corpcor package is used to correct for non-positive definite correlation matrices, 12 and multivariate normal random vectors are simulated with the mvtnorm package. 13 The number of simulations per gene is determined adaptively. In the first stage, 10 3 simulations will be performed.
If the resulting empirical p value is less than 0. threshold is likely to be conservative given the overlap between genes). The user may select whether to perform the gene-based test on the full set of SNPs within a gene, a specified percentage of the most significant SNPs, or just the single most significant SNP. Because the program depends upon the output from other programs, it is important to take correct GWAS quality-control measures to account for issues such as population stratification or pooling errors before using VEGAS. Using a test with permutations as the ''gold standard,'' we compared the results from VEGAS to those from the PLINK set-based test 8 with permutations (with parameters --set-p1 --set-r21 --maf 0.01) on a GWAS for height in 3,611 unrelated Australian individuals drawn from communitybased twin studies conducted from 1980 to 2004. Several recent genetic studies of other traits, [14] [15] [16] have used these samples and have described genotype and phenotype data cleaning. In brief, height was corrected for age and sex before being converted to standard z scores. PLINK was used for performing genome-wide association, from which the results were used in our method. For a given set of SNPs, the PLINK set-based test initially performs a standard association test and then uses the average association test statistic across these SNPs as the ''set-based'' test statistic (VEGAS uses the sum rather than average; the two methods are equivalent in calculations of empirical p values). Then, for the permutation procedure, the phenotypes are randomly shuffled among individuals, and the process is repeated several thousand times, from which an empirical p value is obtained. Because of computational limitations, we only performed the PLINK set-based test on 413 genes on chromosome 22 with 10 4 permutations each.
To see how both tests deal with more significant genes, we performed 10 6 -10 7 permutations on seven additional genes. These genes were chosen on the basis of having p values < 10 À3 when VEGAS was applied across all chromosomes. across all chromosomes. The results from both tests are shown in Figure 1 , which compares the corresponding Àlog 10 (p value)s from the PLINK set-based test and VEGAS for 420 genes. For the majority of genes, both methods produced very similar results. Correlation between the p values was very high (Pearson r ¼ 0.999), as was that between the rankings (Spearman r ¼ 0.998). Thus, in addition to being agnostic toward GWAS design, a major advantage of our method over permutations is speed. The PLINK set-based test on our computer took~12 hr to compute the 413 chromosome 22 genes plus 2 days for the seven additional genes. In contrast, our approach with 10 3 to 10 6 simulations per gene computed the same set of genes in less than thirty minutes. We selected nine nonoverlapping genes of various sizes on chromosome 22 to further investigate the type I error rate of our method compared to those from permutations. The previous height data were permuted 1000 times. VEGAS and the PLINK set-based test were applied to the association results of each permutation for each of the genes. The comparison of the p values for each of the nine genes is shown in Figure S1 . Overall, there does not appear to be any major bias involved with VEGAS. Nevertheless, it should be noted that our method will produce spurious results if the incorrect reference population, and hence LD structure, is used. Biases toward smaller p values will occur if the reference population is older than the study population, and larger p values will occur in the opposite situation. When the same 420 genes and 3611 Australian individuals were used, running VEGAS with the HapMap CEU population as the reference produced results comparable to those from permutation ( Figure S2A ), whereas using the HapMap YRI population produced significant biases toward smaller p values ( Figure S2B ). Slight biases might also potentially occur for genes with a non-positive definite LD correlation matrix. In our dataset, this was a property of~80% of genes, inhibiting the direct use of Cholesky decomposition. For these genes, the nearest positive semidefinite matrix is estimated with the R corpcor package. 12, 17 Matrices that require a large adjustment might explain some of the discrepancy between VEGAS and permutations, although as seen in Figure 1 , this does not appear to have a major effect. Under some genetic architectures, a more powerful genebased method may be to consider only the most significant SNP in a gene rather than the full set of SNPs and then correct this SNP's association p value for gene size and other possible confounders. Our approach can readily be applied to this situation. For a gene with n SNPs, recall the simulated vector of n correlated chi-squared 1 df variables, Q ¼ ðq 1 ,q 2 .q n Þ. For the ''Top-SNP'' method, we define Q max as the simulated test statistic of the maximum element of Q. Then, by simulating a large number of Q max test statistics, the empirical gene-based p value is the proportion of simulated Q max test statistics that exceed the observed test statistic of the most significant SNP in the gene.
Using the same 420 genes as in our previous analysis with the full set of SNPs, we compared the VEGAS Top-SNP method and permutations (Figure 2 ). Note that in this case, we ran our own permutations by using R rather than the PLINK set-based test because the two methods are not equivalent. As with the test considering the full set of SNPs, VEGAS produces results very similar to those from permutations. Correlation between the p values was very high (Pearson r ¼ 0.996), as was that between the rankings (Spearman r ¼ 0.996).
Our method of using the full set of SNPs per gene was applied to two situations where permutation tests are not applicable: a family-based GWAS for height, where permutation cannot account for phenotypic correlation between family members, and a DNA-pooling GWAS for melanoma (MIM 155600), where individual genotype information is not available. For height, we included an extra 7,935 relatives of those in our original GWAS of 3,611 unrelated individuals. These consisted of parents, offspring, siblings, twins, and other family members, all typed with the same SNP chip as the unrelated individuals used in the first calculation. The results of the family-based association analysis were previously published in Liu, et al. 18 Table 1 lists the 15 most significant height-associated genes obtained from VEGAS. 24 These results suggest that despite having a relatively small sample size for a GWAS for height, the gene-based test has the potential to identify novel genes. In a two-stage GWAS, the most significant genes may also be used as a basis for selecting SNPs for replication samples.
For melanoma, the gene-based test was performed on the results from a GWAS that used pooled DNA in 1354 melanoma cases and 1291 controls. The sample was originally part of a larger previously published GWAS for melanoma, 25 and pooling and association methods are described in that study. This study was performed with the approval of the appropriate ethics committee and with informed consent from all participants. As for height, the results from the gene-based test are consistent with our current understanding of the genetics of melanoma (Table 2) . Overall, all of the top 15 genes are in regions known to harbor melanoma-susceptibility genes. Seven genes identified are located on 20q11.22, the region originally implicated by Brown et al. 25 and containing the skin pigmentation gene ASIP (MIM 600201); these include MAP1LC3A (MIM 601242; p < 10 À6 ), PIGU
, and NCOA6 (MIM 605299; p ¼ 1.38 3 10 À4 ). ASIP itself, however, was nonsignificant (p ¼ 0.116). Given the size of this associated region, it could be the case that a distant enhancer rather than nonsynonymous or proximal regulatory elements is driving the association with ASIP. Similarly, a large number of associated genes are also located on 16q24.3; the most significant of these genes was DEF8 (p ¼ 4 3 10 À5 ). Given that DEF8 lies~30 kb downstream of the known melanoma-susceptibility gene, MC1R (MIM 155555), it is likely that this signal is driven by variants in and around MC1R, which was only nominally Although VEGAS was able to produce results equivalent to those obtained through permutations at a fraction of the time taken, as well as replicate several known heightand melanoma-associated genes, there are several situations in which use of the gene-based test is limited. The effectiveness of VEGAS, along with other gene-based methods, is determined by the underlying genetic architecture of the gene and phenotype of interest. Although gene-based methods are more powerful than single-marker analysis for identifying significant genes with multiple causal variants, the converse is also true. If a gene contains only one causal variant, then the inclusion of a large number of nonsignificant markers into the gene-based test will dilute this gene's significance. The correct genetic model to use is seldom known in advance, although our method can be performed on a specified subset of markers or just the single most significant marker rather than all markers in a gene. Similarly, the use of 5 50 kb to define gene boundaries is an arbitrary choice. Large boundaries mean that some markers are included in multiple genes, resulting in a situation similar to our results for melanoma, where it may be difficult to pinpoint the causal gene when multiple adjacent genes are statistically significant. Specifying stringent boundaries, however, may not fully capture regulatory regions or those SNPs in high LD with variants in the gene. Moreover, given that the majority of SNPs so far identified in GWAS are found in nongenic regions, 26 these SNPs would not be included in any genecentric analysis at all. For these reasons, gene-based methods should not be seen as a replacement for traditional single-marker association studies but rather should be seen as a complement to GWAS and an essential step for network-and pathway-based approaches. We offer our gene-based test not as a definitive solution to the problem but also as one tool in the complex-trait geneticist's toolbox for post-GWAS analysis.
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